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Abstract: Anthropogenic activity leading to forest structural and functional changes needs specific
ecological indicators and monitoring techniques. Since decades, forest structure, composition,
biomass, and functioning have been studied with ground-based forest inventories. Nowadays,
satellites survey the earth, producing imagery at different spatial and temporal resolutions. However,
measuring the ecological state of large extensions of forest is still challenging. To reconstruct the
three-dimensional forest structure, the structure from motion (SfM) algorithm was applied to imagery
taken by an unmanned aerial vehicle (UAV). Structural indicators from UAV-SfM products are then
compared to forest inventory indicators of 64 circular plots of 1000 m2 in a subtropical dry forest.
Our data indicate that the UAV-SfM indicators provide a valuable alternative for ground-based forest
inventory’ indicators of the upper canopy structure. Based on the correlation between ground-based
measures and UAV-SfM derived indicators, we can state that the UAV-SfM technique provides reliable
estimates of the mean and maximum height of the upper canopy. The performance of UAV-SfM
techniques to characterize the undergrowth forest structure is low, as UAV-SfM indicators derived
from the point cloud in the lower forest strata are not suited to provide correct estimates of the
vegetation density in the lower strata. Besides structural information, UAV-SfM derived indicators,
such as canopy cover, can provide relevant ecological information as the indicators are related to
structural, functional, and/or compositional aspects, such as biomass or compositional dominance.
Although UAV-SfM techniques cannot replace the wealth of data collected during ground-based
forest inventories, its strength lies in the three-dimensional (3D) monitoring of the tree canopy at
cm-scale resolution, and the versatility of the technique to provide multi-temporal datasets of the
horizontal and vertical forest structure.
Keywords: forest monitoring; forest inventory; canopy height; UAV-SfM; above-ground
biomass; Chaco
1. Introduction
Forests cover about 25% of Earth’s terrestrial surface. In 2013, only 24% of the remaining forests
are part of intact forest landscapes with no detectable human pressure [1]. Intact forests play a
key role in climate change mitigation, regulation of local climate regimes and hydrological services,
biodiversity conservation, and human health [2,3]. Published case studies have shown that intact forests
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store 10% to 55% more carbon than logged, degraded or planted forests in ecologically comparable
locations [2]. Mapping the existing variability in forest characteristics, including the physical structure,
species composition and functional organization of forest ecosystems can provide insights in the
anthropogenic pressures on forests and natural disturbance regimes, and provide foundations for
environmental impact mitigation [4,5].
In recent years, the use of ultra-high resolution aerial images captured by digital cameras
installed on unmanned aerial vehicles (UAVs) has been growing steadily for forest monitoring [6,7].
The combination of consumer grade technologies—UAVs and digital image processing—created new
opportunities for forest monitoring. Computer vision techniques such as structure from motion,
paired with multi-view stereo algorithms (commonly abbreviated as SfM), allows one to extract
three-dimensional (3D) information from a set of overlapping images using iterative bundle adjustment
procedures [8]. The UAV-SfM products cover areas of 0.1 to 100 km2, with a spatial resolution of 100 to
100,000 points per m2 [9]. Clapuyt et al. [10] showed that the precision of measurements is in the order
of centimeters for identical replications.
The SfM-based surveys from unmanned aerial vehicles have several advantages compared to
other active or passive sensors [6,9,11]: lightweight UAVs have the flexibility of vertical or short
take-off and landing, they are easy to deploy to collect information in difficult-to-access terrain, and can
carry relatively low-cost, off-the-shelf visible range or multispectral cameras for SfM-based surveys.
Within the context of forest inventories, Dandois and Ellis [12] were one of the first who demonstrated
the performance of UAV SfM-based methods to produce 3D high-resolution forest canopy models,
and to derive metrics of the physical structure of forest ecosystems. Feasibility studies of UAV-SfM
techniques for forest inventories by e.g., Puliti et al. [13] and Tuominen et al. [14] in boreal forests have
shown accuracies (in terms of RMSE%) of 3.5% for dominant height, 15 to 24% for basal area, and 39%
for stem density. More recent studies in the Amazonian forest by Messinger et al. [15], mangrove forests
in Malaysia [16] and conifer-broadleaved in Japan [17] have shown similar performances. As stated
in the review of SfM applications in forestry by Iglhaut et al. [6], previous studies mainly dealt with
mature to nearly mature closed forests, and much less so with open forests or fragmented forests.
A significant part of open and fragmented forest is located in tropical dry forests [18].
Given the increasing human pressure on dry tropical forests, it is essential to monitor the evolution
of their forest structure, function, and species composition. The structure refers to the spacing and height
of the various components of the forest ecosystem. The percent tree cover, trunk height, vertical canopy
complexity, and understory density are all structural attributes affecting animal abundance and
diversity [19–21]. The ecosystem functions refer to the different biological, geochemical, and physical
processes that take place within the forest ecosystem, such as the production of organic matter.
The species composition is the identity and variety of ecosystem components and is characterized by
species richness and abundance [22]. These attributes are often interdependent, and attributes from
one group may also act as surrogates for another group [22].
It is crucial to define relevant ecological indicators that allow one to characterize these forest
attributes. In this study, we aim to identify the structural indicators derived from UAV-SfM point clouds
and canopy height models that can properly characterize structural, functional, and compositional
forest attributes and can be defined as ecological indicators. First, we assessed the performance
of UAV-SfM based methods by comparing forest structural attributes derived from UAV-based
point clouds and ground-based forest inventories. We then analyzed which structural indicators
are meaningful ecological proxies of forest structure, ecosystem function, and species composition.
Through the analyses, we tested whether accounting for both the vertical and horizontal complexity
of the forest stratum allows to better discriminate landscape-scale forest composition. Our study is
conducted in the Dry Chaco forest where forest inventory data is available from sixty-four forest
plots covering each 1000 m2. The novelty of this research lies in (i) the validation of UAV-SfM forest
structural attributes based on forest inventory indicators of 64 circular plots of 1000 m2, and (ii) the
publication of—to our knowledge—one of the first applications of UAV-SfM techniques to the Dry
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Chaco forest ecosystem. Furthermore, this study analyses multiple ecological attributes by accounting
for forest structure, composition, and function.
2. Methods
2.1. Study Area
The Gran Chaco is the second largest natural biome in South America and extends over ca.
1.3 million km2. The intact landscape of the region was mostly characterized by patches of hard
wood forests and natural pastures [23]. The Dry Chaco (Figure 1A), the eastern part of the Gran
Chaco covers an area of 0.8 million km2 and it extends over Argentina, Paraguay, and Bolivia.
Its vegetation is adapted to arid conditions with broadleaf and deciduous or semi-deciduous species [24].
Cabrera [25] discerned three vertical forest strata. The first consists the canopy stratum dominated by
Schinopsis lorentzii (quebracho colorado santiagueño), Bulnesia sarmientoi (Palo Santo), and Aspidosperma
quebracho-blanco (quebracho blanco). The second arboreal or sub-canopy stratum comprises Ziziphus
mistol, Geoffroea decorticans, Caesalpinia paraguariensis, Tabebuia nodosa, Prosopis alba, P. nigra, P. kuntzei,
and others. The third shrub stratum can be very dense and is typically composed of Acacia spp.
Schinus spp., Salta triflora, Capparis spp., Celtis spp., and others.
Anthropogenic activities modified the vegetation cover and composition of the Dry Chaco over
the last two centuries [23]. The presence of high-value hardwood species boosted large-scale wood
exploitation and processing industry for tannin extraction. Since 1880, landscape modification increased
because of railway expansion in the Argentinean Chaco. During the last two decades, the tannin
production is declining while the wood exploitation continues resulting in forest degradation [26].
Besides selective logging of high-value timber, exploitation for firewood and charcoal remains important
in areas hosting people under extreme poverty [27]. The “puestos” system that is characterized by
traditional settlements and extensive cattle ranching also plays a role in forest degradation and shrub
encroachment [28]. The anthropogenic land use likely changed the Chaco landscape from a mosaic
of woodlands, savannas and shrublands to a landscape vegetation pattern dominated by secondary
forests and dense thickets of shrubs [29,30].
2.2. Forest Inventory Data
Field data on forest structure, function, and composition is available from forest inventory plots
that were monitored by the Instituto de Ecología Regional of the University of Tucumán [24,32].
In the Dry Chaco, fifty forest vegetation clusters were surveyed on a regular basis, starting in 2007,
and revisited in 2012 and 2017–2019. Of the fifty clusters, we selected sixteen clusters as to cover the
existing gradient in forest degradation state. Each cluster contains four circular forest inventory plots
of 1000 m2 (Figure 2), resulting in 16 × 4, i.e., 64 forest inventory plots. With a Garmin 12XL and eTrex
Legend H GPS, we determined the absolute location of the center of each plot with a precision of 2
to 3 m. The position of individual trees within the plot was then measured in a relative coordinate
system, measuring the azimuths and distances to the plot center. For the field inventory, the circular
plots are divided in two concentric circles, with an inner and outer circle of respectively 500 and
1000 m2 (Figure 2). In the inner circle, all trees with a diameter at breast height (DBH) greater than
0.1 m are recorded, while only trees with a DBH greater than 0.2 m are documented in the outer
circle. During the forest inventory, the team documented the tree species, and measured for each
individual tree (n = 2022) the DBH with diameter tape (m). The tree height (m) was determined in 24
of the 64 inventory plots using trigonometric methods using a clinometer and laser distance meter.
In 16 plots, tree height was estimated using visual estimations techniques. The basal area (m2) was
derived from the DBH. The aboveground biomass (Mg·ha−1) of tree species was estimated from the
DBH measurements and published data on wood specific gravity [33] using the allometric equations
presented in Table 1 [34,35].
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Figure 2. One cluster of four forest inventory plots of 1000 m2 each. For field data collection,
the inventory plots are divided in two concentric circles, where all trees with breast height (DBH) > 0.1 m
are documented for the inner circle f 500 m2 and only trees with DBH > 0.2 m f r the outer circle.
The backgrou d image is the orth photo of the cluster that was reconstructed from the aerial photographs
taken by the digital camera on the unmanned aerial vehicle (UAV).
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Table 1. Plot-level indicators on forest structure, composition, and function as they were derived from
the field data on individual trees during the forest inventory. The above ground biomass is calculated
with allometric equations using DBH values (expressed in cm) and the oven dry over green volume
(p, in g/cm3).
Stand Element Variable Description Unit
STRUCTURE
Tree height
Mean height of upper canopy Mean height of trees taller than 6 m m
Height tallest tree Height of the tallest tree m
Number of trees > 6 m Number of trees taller than 6 mSurface area of the plot ha
−1
Percentage of trees in 0.5–4 m
height stratum
Number of trees with height between 0.5 and 4 m
Total number of trees in the plot × 100 %
Percentage of trees in 4–6 m
height stratum
Number of trees with height between 4 and 6 m
Total number of trees in the plot × 100 %





Number of trees with
DBH < 0.2 m
Number of trees with DBH < 0.2 m
Surface area of the plot ha
−1
Number of trees with
0.2 < DBH < 0.3 m
Number of trees with 0.2 m < DBH < 0.3 m
Surface area of the plot ha
−1
Number of trees with
DBH > 0.3 m
Number of trees with DBH > 0.3 m
Surface area of the plot ha
−1
Percentage of trees with
DBH < 0.2 m
Number of trees with DBH < 0.2 m
Total number of trees in the plot × 100 %
Percentage of trees with
0.2 < DBH < 0.3m
Number of trees with 0.2 < DBH < 0.3 m
Total number of trees in the plot × 100 %
Percentage of trees with
DBH > 0.3 m
Number of trees with DBH > 0.3 m
Total number of trees in the plot × 100 %
COMPOSITIO Species Classification based on dominanttree species
Cat 1: Aspidosperma quebracho-blanco, Schinopsis
lorentzii, Bulnesia sarmientoi
Cat 2: Zizyphus mistol
Cat 3: Caesalpinia paraguariensis and Tabebuia nodosa
Cat 4: colonizer or pioneer species, like Prosopis
nigra
FUNCTION Tree diameterand species Above ground biomass (AGB)
For trees with DBH < 0.6 m:
AGB = p×
e−0.667+1.784 ln (DBH)+0.207(ln (DBH))
2
−0.0281(ln (DBH))3
For trees with DBH > 0.6 m:
AGB = p×




Table 1 presents the plot-level indicators on forest structure, species composition and function.
The forest structure is characterized by its vertical and horizontal complexity. Forest inventories provide
data on the structural complexity at the plot-level: the tree height (and its variation), the diameter at
breast height (and its variation) and the spatial tree density. For the analysis of the vertical structure of
the forest, we set the lower height limits for the three forest strata, the canopy, sub-canopy, and shrubby
stratum, at respectively 6 m, 4 m, and 0.5 m. The delimitation of the canopy layer (above 6 m) is
the same used by Powell et al. [36] and somewhat different from work by de Casenave et al. [37]
and Prado [38], and is here set at the lower height limit of the crown of the canopy. To select this
threshold, we evaluated different canopy height values and defined the height for which all the
crowns of the larger trees were included in the upper canopy height. To characterize the plot-level
species composition, we classified the plots in four groups according to their dominant tree species.
This classification is based on the review of the Chaco flora by Prado [38]. Category 1 contains plots
that have a dominance of tree species that are characteristic for old-growth stage forests, such as
Aspidosperma quebracho-blanco, Schinopsis lorentzii, and Bulnesia sarmientoi. Category 2 and 3 contain
plots that have species from the first arboreal stratum as dominant species: Zizyphus mistol for Category
2, and Caesalpinia paraguariensis and Tabebuia nodosa for Category 3. Category 4 regroups the plots that
have a dominance of colonizer or pioneer species, like Prosopis nigra, characteristic for degraded or
logged forests [37,39].
2.3. UAV Data Acquisition and SfM Image Processing
High-resolution aerial images of the forest canopy were taken with a consumer-grade quadcopter,
the Phantom 4 Pro. It is equipped with the standard DJI camera-gimbal system, having a 1-inch 20
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megapixel CMOS sensor with a 8.8 mm/24 mm (35 mm format equivalent) FOV lens with f/2.8–f/11
auto focus at 1 m–∞. The UAV data were acquired in the dry southern hemisphere winter, i.e., July to
September 2017 and 2018. The flight missions were planned using the Altizure app (Everest Innovation
Technology, 2018) appropriate for 3D oblique photogrammetry. For each forest inventory cluster
including four plots of 1000 m2, the UAV survey covered an area of 300 m by 300 m centered on
the forest plot. The surveys were realized with the team that participated in the forest inventories,
to ensure that the forest plots were correctly represented in the UAV surveys. The ground surface was
surveyed twice, using both a nadir-oriented and a 30◦-tilted camera. The inclusion of oblique images
in the SfM algorithm decreases systematic errors in topographic reconstruction and captures better
complex 3-D structures as shown by Clapuyt et al. [10]. The frontal and side overlap were set to 80%,
following Dandois et al. [40] who suggested 80% as an optimal overlap for UAV-SfM reconstructions
of forest structure. The UAV platform flew at a constant height of 80 to 120 m above the take-off point,
leading to a ground sample distance between 21.8 and 45.3 mm. Table 2 resumes the camera, flight,
and imaging parameters of the flights.
Table 2. Camera, flight and imaging characteristics for all flights.
Camera model Phantom 4 Pro camera
Lens model FOV 84◦ (8.8 mm/24 mm) f/2.8–f/11
Image resolution 5472 × 3648
Crop factor 1
Approximate sensor size 24 mm
Pixel size 2.41 × 2.41 µm
Shutter speed 8–1/8000 s
ISO Range 100–3200
Mean f number 2.8–11
Flight velocity 2 m s−1
Flight height 80–120 m
Ground sample distance 21.8–45.3 mm
Number of pictures 160–217
Point cloud density 212–437 pt m−2
CHM resolution 3.4–9.1 cm pix−1
Horizontal absolute accuracy 2.6 m
The 3D point clouds were generated from overlapping optical images with the structure from
motion algorithm (SfM) in the AgiSoft Photoscan ®software (Professional Edition, version 1.2.4,
St. Petersburg, Russia). The SfM process typically starts detecting thousands of features in each image
and matches features between images [41,42]. During this step of photo aligning, the software estimates
the camera positions, refines the camera calibration, and creates a sparse point cloud. Then, the program
calculates depth information from the estimated camera positions to create a single dense point cloud.
In this study, we used on average 180 (min. 160, max. 217) aerial photographs per plot, leading to an
average point cloud density of 324 points per m2. The 3D point clouds were georeferenced directly
using position information from the onboard GPS/GLONASS receiver. This approach ensured a mean
absolute horizontal accuracy of 2.6 m. Given horizontal errors of c. 2 to 3 m on the location of 3D point
clouds and forest inventory plots, the two datasets were manually co-registered by identifying pairs of
corresponding survey trees and aerial detected trees using the cm-scale resolution aerial imagery.
Using the elevation of the 1st percentile of the height data as threshold, we classified the data of
the 3D point cloud as ground and non-ground (or vegetation) data points. We tested this procedure on
roads and vegetation openings using the orthophotos and verified that it performed well in the very flat
topography that characterizes the Dry Chaco. Additionally, the observation and interpretation of the
point cloud histograms validated this methodological step. The digital terrain model was generated
from the ground class of the 3D point cloud, and the digital surface model from the vegetation point
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class. The canopy height model (CHM) was then obtained by subtracting the terrain model from the
surface model. For further analysis, the 3D vegetation point cloud and canopy height model were
clipped using the limits of the forest inventory plots. Data processing was done in R version 3.6.0 using
rgdal, sp, rmapshaper, stats, spatialeco, rgeos, and raster packages for percentiles calculation, buffering,
clipping, and data processing.
2.4. Image Processing and Variable Extraction
The canopy height model (CHM) served as a basis to extract indicators of forest structure,
notably of the spatial distribution of large trees and vegetation openings (Table 3 and Figure 3).
Segmentation algorithms as the ones used by e.g., Guerra-Hernández et al., Lim et al. or
St-Onge et al. [43–45] for automatic detection of individual tree crowns were for some plots
overpredicting and for others underpredicting in the Dry Chaco. Therefore, we defined vegetation
patches as the areas of the canopy height model where the elevation of the vegetation is above six meters
based on image filtering as in Zellweger et al. [46]. Using an R script, pixels with an elevation lower
than six meters were masked out, and the remaining clusters of pixels were converted to polygons
with the RasterToPolygons function followed by the Disaggregate function from the raster package
(Table 3). Hereby, we assume that the clusters correspond to individual tree crowns of the largest
trees. The maximum canopy height within the polygon was taken as the height of the individual tree.
Similarly, we applied image filtering techniques to extract patches of vegetation openings (Table 3).
They were here defined as areas with vegetation smaller than 0.5 m and covering minimum 10 m2.
At the plot level, the percentage of the plot with vegetation openings (%) was extracted as an indicator
of the horizontal forest structure. Table 4 resumes the four indicators that were derived at the plot
level: the mean height of trees taller than 6 m (m), the maximum height of the tallest canopy patch (m),
the canopy cover (%), and vegetation openings (%).
Table 3. Derivation of forest structure indicators from the UAV-SfM (Unmanned Aerial
Vehicle—Structure from Motion) images. The UAV-SfM data are converted to a canopy height model
(CHM) and three-dimensional (3D) point cloud for the extraction of the forest structural indicators.
Data Source Processing Indicators Units
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Figure 3. Extraction of information on canopy cover and vegetation openings based on the canopy
height model for a given forest plot: (A) The polygons of canopy patches (green) and vegetation
openings (red) are overlying the orthophoto taken by the UAV, (B) they are plotted on the canopy
height model (CHM) of the same plot.
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In addition to the four CHM-derived indicators of the horizontal forest structure, the information
on the vertical forest complexity was derived from the 3D point cloud. This includes information on
the structure of the sub-canopy tree branches and foliage, shrubs and grasses that can be present in the
understory vegetation. The first two indices are based on the percentiles of the height distribution of
the point cloud (Table 4). The 99th percentile of the height distribution is assumed to correspond to
the maximum canopy height. The vertical distribution index is adapted from Goetz [20]. It typically
shows low values in areas with a dense canopy and a sparse understory, and high values in areas
with a more evenly vertical distribution. The third index, the vertical complexity, is a measure of the
vertical distribution of points within the three-dimensional point cloud, and is assumed to reflect
forest structural properties and stages of stand development [19,47]. The vertical complexity index is
based on Pielou’s evenness index [48], and it indicates to what extent the points are evenly distributed
throughout the vertical column. The evenness value is at maximum (i.e., 1) when the different height
bins have an equal number of points. When the distribution of points within the vertical column
becomes more uneven, the evenness value decreases. Following van Ewijk et al. [47], a low value
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corresponds to an initiation stage with dominance of colonizer or pioneer species; a mid-range value to
a dominance of arboreal stratum; and a high value to old growth stage forest with an even distribution
of points within the cloud.
In addition, two density-based indicators are derived from the point cloud metrics. They are
based on the relative point cloud density, a metric that is widely used in LiDAR data processing for
characterization of forest understory structure [49]. By using the overall relative point density (ORD)
of the UAV-SfM point cloud, we assume that the likelihood of having the vegetation recorded in a
specific height stratum of the SfM point cloud increases as the vegetation density in that height stratum
increases. Here, we derived the ORD for two forest strata: the 0.5 to 4 m height stratum corresponding
to the shrub vegetation, and the 4 to 6 m height stratum of sub-canopy vegetation.
2.5. Data Analysis
To characterize the forest structure, composition, and function in the study site, we first performed
a quantitative analysis of the ground-based variables and the UAV-SfM based structural indicators.
Tables 5 and 6 provide summary statistics for all ground-based and UAV-SfM based variables,
and Figures 4 and 5 show the frequency distributions. We then assessed the performance of the
UAV-SfM based indicators by comparing the forest structural attributes derived from the canopy height
models and point clouds with the forest indicators from ground-based forest inventories. We tested
whether UAV-SfM based indicators of forest horizontal and vertical complexity are reliable for the
characterization of forest structure. While height data was available for only 40 plots (656 trees),
data on diameter at breast height and species composition was collected in all 64 plots (2021 trees).
The UAV-SfM indicators on canopy height, and vegetation density per stratum were compared with
their equivalent ground-based measures through scatterplots and Spearman correlation analyses
(Figures 6 and 7). Ordinary least squares regression techniques were applied to the height indicators
to determine the relation between the UAV-SfM indicators and the ground-based measures, and the
RMSE was calculated. The UAV-SfM based forest indicators that do not have an equivalent in
ground-based inventories, such as canopy cover and vegetation openings, were compared against
plot-level information on overall tree density and tree density per DBH class (<0.2 m, between 0.2
and 0.3 m, >0.3 m). Boxplots of the UAV-SfM structural indicators categorized according to their
dominant species were plotted with a kernel density distribution. The chi-squared (X2) statistic from
the Kruskal-Wallis test and the pair-wise Wilcoxon test were used to detect significant differences
between groups. Finally, scatterplots and Spearman correlation analyses were used to visualize and
analyze the correlation between biomass and the UAV-SfM structural indicators.
Table 5. Summary of values for ground-based forest structure indicators, with indication of average,
standard deviation, minimum and maximum values, and the number of plots where observations
were made.
Average S.D. Min. Max. # ofPlots
Mean height of upper canopy 10.3 1.8 7.5 16.1 40
Height tallest tree 15.2 2.7 10.2 21.7 40
Number of trees > 6 m 153.0 60.7 70.0 300.0 40
Percentage of trees in 0.5–4 m height
stratum 10.4 16.5 0.0 64.1 40
Percentage of trees in 4–6 height stratum 21.2 14.9 6.2 55.0 40
Tree density 231.1 94.4 100 560 64
Number of trees with DBH < 0.2 m 107 86.8 0 480 64
Number of trees with 0.2 < DBH < 0.3m 60 29.9 20 140 64
Number of trees with DBH > 0.3 m 42 18.6 0 90 64
Dominant species by classification - - - - 64
Above ground biomass (AGB) 30.0 11.3 12.8 62.9 64
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Table 6. Summary of values for UAV-SfM indicators, with indication of average, standard deviation,
minimum and maximum values, and the number of plots where observations were made.
Average S.D. Min. Max. # of Plots
Mean height of vegetation patches 8.1 1.2 6.1 11.2 64
Height of the tallest vegetation patch 12.8 2.4 6.9 17.6 64
Canopy cover 25.6 10.8 2.8 56.6 64
Vegetation openings 8.3 8.1 0.0 34.3 64
99th percentile 11.3 2.2 5.9 16 64
Vertical distribution 0.7 0.1 0.4 0.9 64
Vertical complexity 0.7 0.1 0.5 0.8 64
ORD of 0.5 to 4 m stratum 50.2 15.2 14.7 82.3 64
ORD of 4 to 6 m stratum 15.9 9.5 2.6 47.5 64
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Figure 4. Frequency distributions of the ground-based forest structure indicators. The indicators are
described in Table 1, and summary statistics are given in Table 5.
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Figure 6. Comparison f the forest height indicators that were derived from the UAV-SfM data and the
field-bas d measures of can py height. T e field data re plotted on the X-axis, while the UAV-SfM
derived indicators are plotted on the Y-axis with the mean height of vegetation patches for (A) and the
height of the tallest vegetation patch for (B). The Spearman correlation coefficients are calculated at the
plot level (n = 40). If the p-value of the correlation analysis is less than 0.05, the correlation coefficient is
flagged with one star (*).
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3. Results
3.1. Forest Structure, Composition, and Function Based on Ground-Based Measures
For the 40 plots of 1000 m2 for which tree height data are available, the mean height of the
upper canopy ranges between 7.5 and 16.0 m, with a mean and standard deviation of 10.3 ± 1.8 m.
The distribution is slightly left-skewed (Figure 4A), and similar to the distribution of values of the
height of the tallest tree. The tallest tree is on average 15.3 ± 2.7 m, with a mini um of 10.2 and a
maximum a 21.7 m. The number of trees above 6 m is slightly left-skewed, ranges from 70 to 300 trees
per hectare, with a mean of 153.0 ± 60.7 trees·ha−1 (Figure 4C). The percentage of trees in the shrubby
and the sub-canopy strata varies strongly between plots, with values ranging between 0.0 and 64.1%
for the shrubby and between 6.2 to 55.0% for the sub-canopy. The average and standard deviation for
the 0.5 to 4 m and 4 to 6 m height strata are respectively 10.4 ± 16.5% and 21.2 ± 14.9%.
The density of trees on the plots varies between 100 and 560 trees per hectare, with an average
of 231.1 ± 94.4 trees·ha−1. With regard to forest structure, we observe that more than half of the
trees (i.e., 107 ± 86.8 trees·ha−1) have a DBH < 0.20 m, followed by slightly less than 30% having a
DBH between 0.2 and 0.3 m, and less than 20% having a DBH > 0.3 m. However, the number of
trees < 0.2 m had a high range and variance (i.e., respectively 480 and 86.8 tree·ha−1). Additionally,
there are strong differences between plots in the above ground biomass, with values ranging between
12.8 and 62.9 Mg·ha−1 with an average of 30 ± 11.3 Mg·ha−1. About 50% of the 64 plots have the
iconic tree species of the dry Chaco forest as dominant species, i.e., Aspidosperma quebracho-blanco,
Schinopsis lorentzii, or Bulnesia sarmientoi. Forty percent of the plots have a dominance of sub-canopy
species and the remaining 10% have a dominance of pioneer species.
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3.2. Horizontal and Vertical Forest Complexity Based on UAV-SfM Data
For the 64 plots, nine indicators were extracted from the point cloud and canopy height model
(Tables 3 and 4). The mean height of the vegetation patches varies between 6.1 and 11.2 m, with an
average of 8.1 ± 1.2 m. As shown in Figure 5A, its distribution is left-skewed. Compared to the mean
height of the vegetation patches, the height of the tallest vegetation patch shows a wider spread with
values between 6.9 and 17.6 m, and average value of 12.8 ± 2.4 m. The canopy cover shows a normal
distribution (Figure 5C), varying between 2.8 to 56.6%, and average of 25.6 ± 10.8%. In the 64 plots,
the vegetation openings are generally small and of minor extent, with more than 84% of the plots
having values below 15%.
From the 3D point cloud, one indicator on forest height was extracted, i.e., the height of the
99th percentile of the vegetation. This indicator has a similar range as the height of the tallest
vegetation patch with average value of 11.3 ± 2.2 m. The vertical distribution of the vegetation is
strongly right-skewed (Figure 5F) with values ranging from 0.4 to 0.9, and with an average of 0.7 ± 0.1.
The vertical complexity has an average value of 0.7 ± 0.1 and ranges from 0.5 to 0.8. None of the plots
has a vertical complexity index above 0.8 (Table 6). The relative density of the point cloud is higher in
the 0.5 to 4 m stratum compared to the 4 to 6 m stratum, with an average of 50.2 ± 15.2% compared to
15.9 ± 9.5%.
3.3. Performance of UAV-SfM Based Indicators on Forest Structure
The UAV-SfM based information on canopy height is derived from the canopy height model
and point cloud. The maximum height of the tallest canopy patch and the 99th percentile of canopy
height distribution are indicators of the maximum tree height, while the mean height of the vegetation
patches is an indicator of the mean height of the upper canopy stratum (>6 m). Figure 6A compares
the mean height of vegetation patches with mean height of trees above 6 m. Figure 6B compares
the two maximum height indicators with the ground-based measures of the tallest tree height
(Tables 1 and 3). Significant correlations between the UAV-SfM based on indicators of canopy height
and the ground-based measures were founded for the mean height of tree crown patches and upper
canopy (r = 0.48, p < 0.01; RMSE = 1.56 m); the height of the tallest vegetation patch and height of the
tallest tree (r = 0.68, p < 0.01; RMSE = 2.14 m) and the 99th height percentile and tallest tree height
(r = 0.94, p < 0.01; RMSE = 2.15 m). Interestingly, the majority of data points fall below the 1:1 line,
indicating that the estimates of canopy height from UAV-SfM data are systematically lower than the
ground-based height measurements (Figure 6).
The vegetation density per stratum estimated from the UAV-SfM point cloud was contrasted with
ground-based data on the percentage of trees in the plots that belong to the same stratum. The analyses
focused on two strata: the sub-canopy (4–6 m height) and the shrubby (0.5–4 m height) stratum.
Figure 7A,C illustrate the poor correlation between the UAV-SfM based relative point density (ORD)
data and the ground-based indicators for the 0.5 to 4 m (r = 0.09) and 4 to 6 m stratum (r = −0.08).
Instead, the ORD data show a better correlation with ground-based measures of tree DBH (Figure 7B,D).
The relative point density in the 0.5–4 m stratum shows a positive correlation with the percentage of
trees with DBH < 0.2 m (r = 0.45, p < 0.01). In the sub-canopy stratum, the correlation is not significant.
The UAV-SfM derived information on canopy cover and vegetation openings cannot directly be
compared to field-based indicators on forest structure. As both of them are indicators of the horizontal
forest structure, the information was validated by comparison with plot-level data on overall tree
density per plot (Figure 8), tree density per DBH class (Figures 8 and 9), and number of trees taller
than 6 m (Figure 9). The vegetation openings show no correlation with the overall tree density per
plots (Figure 8A), and none with the number of trees with DBH above 0.2 m (Figure 8C,D). There is a
negative correlation between vegetation openings and the number of trees with DBH below 0.2 m
(r = −0.31, p-value = 0.01): plots with large vegetation openings (>10%) have a lower number of small
trees (with DBH < 0.2 m, Figure 8B). In contrast to the vegetation openings, canopy cover is significantly
related to the density of large trees, with significant positive correlation with the number of trees
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taller than 6 m (Figure 9A, r = 0.40, p-value < 0.01) and the number of large trees with DBH > 0.3 m
(Figure 9B, r = 0.57, p-value < 0.01).
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Figur . Th UAV-Sf data on canopy cover (%), co p r d with (A) ground sur nts on th
number of trees taller than 6 m (ha−1), and (B) the number of trees with DBH above 0.3 m. If the p-value
of the correlation analysis is less than 0.05, the correlation coefficient is flagged with one star (*).
3.4. Relevance of UAV-SfM Based Indicators for Forest Composition and Function
Structur , composition, n fun tion are interdependent attributes of he forest. We assess whether
the UAV-SfM based structural indicators are indicative of forest composition described based on the
plot-level species composition (Figure 10). In particular, group 4 with dominance of pioneer species
shows the largest differences with the other three forest composition groups. Regarding forest height,
Figure 10A shows that the forest composition group 4 has a mean height of vegetation patches of
6.5 ± 1.2 m (significantly lower than 8.0 ± 1.1 and 8.5 ± 1.2 m for composition groups 1 and 2). Its height
of the tallest vegetation patch is 9.1± 1.7m, significantly lower than group 2 with a height of 14.0 ± 2.2 m
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(Figure 10B). For the 99th percentile (Figure 10E), significant differences are observed between forest
composition group 4, and groups 1, 2 and 3. For the overall relative density, differences are significant
between groups 1 and 2 compared to 3 and 4 (Figure 10I). The vertical distribution allows to further
distinguish between the different stages of forest growth, with median values of 0.8 ± 0.1 and 0.7 ± 0.1
for categories 1 and 2 and significantly lower values of 0.6 ± 0.1 and of 0.5 ± 0.1 for category 3 and 4
(Figure 10F).
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Figure 10. Boxplots showing the distribution of four UAV-SfM structural indicators for the different
classes of forest composition as they were defined in Table 1. The probability density at different
values is smoothed by a kernel density estimator. The y-axis displays the structural indicators from the
UAV-SfM products. The chi-squared (X2) from the Kruskal-Wallis test was implemented and if the
p-value of the correlation analysis is l s th n 0.05, the correl tion coefficient is flagged with one star (*).
Groups with the different letters (a and b) are groups that are significantly different according to the
pair-wise Wilcoxon test.
To measure the interdependence of UAV-based structural indicators with forest functional
attributes, we analyzed the association between structural indicators and the above ground biomass
(Figure 11). The canopy cover (Figure 11C) and the vertical complexity (Figure 11G) are positively
related to the abov ground iomass (with resp. r = 0.66, p < .05, and r = 0.47, p < 0.05). Additionally,
the height of the tallest vegeta i n patch (Figure 11B) and the 99th percentile (Figur 11E) are positively
related to the above ground bio ass (with resp. r = 0.32, p < 0.05 and r = 0.43, p < 0.05) despite that the
mean height of the vegetation patches are uncorrelated to it. Finally, the density of the point cloud in
the 0.5 to 4 m stratum is negatively related to above ground biomass (r = −0.48, p < 0.01).
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field-based measures of biomass (Mg/ha). The field data are plotted on the X-axis, while the UAV-SfM
derived indicators are plotted on the Y-axis. The Spearman correlation coefficients are calculated at the
plot level. If the p-value of the correlation analysis is less than 0.05, the correlation coefficient is flagged
with one star (*).
4. Discussion
4.1. Forest Structural Indicators as Ecological Indicators
Ecological indicators are used to assess the condition of the environment or to monitor trends in
environmental conditions over time [50]. They quantify the magnitude of stress, the degree of exposure
to stress, and/or the degree of ecological response to exposure [50]. The three primary attributes
of ecosystems—composition, structure, and function—determine and constitute the biodiversity of
an area and are interdepend nt [51]. These attributes are nested at differe t l vels of cosystem
organization—the landscape, community, and populati n level—and environmental stresses will be
expressed distinctively at different levels of organization [51].
Forest inventories are able to evaluate community-level forest attributes and use trees as the
basic units. For this reason, many UAV SfM-based surveys derive forest structure metrics at the
individual tree level using tree crown detection algorithms. Although these algorithms perform well
in conifer forests [45,52], they are known to have lower performance in deciduous forests [52]. In the
Dry Chaco forest, the preliminary tests of crown detection algorithms showed poor performance.
Therefore, this study was performed on vegetation patches that are considered to be individual trees.
These patches of individu l tr es were compared with struct ral i dicators f om forest inventories.
Even though UAV-SfM techniques only provi e direct observations of forest structures, the UAV-SfM
derived indicators can be linked with compositional and functional indicators from the forest inventory
as forest composition, structure and function are interdependent. The forest composition was studied
by classification of forest plots by their dominant tree species, as indicator species are widely used
to monitor or assess environmental condition in ecology and other environmental sciences [51].
The presence and/or abundance of indicator species give us information about the state of the forest.
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The forest function was monitored based on the biomass. Forest biomass is one of the indirect
indicators of age, density, successional stage, and productivity which can influence habitat selection
and biodiversity [53]. Additionally, it is a valuable indicator for assessing the capacity of the forest to
stock carbon for climate change mitigation.
4.2. Horizontal Forest Complexity
4.2.1. Indicators of the Upper Canopy Structure
Tree height is an important ecological trait: the competition for sunlight determines which trees
flourish and it influences shades in streams and changes in understory vegetation. The species
of the upper strata of the Dry Chaco are characterized by a very slow growth rate [54]. In fact,
Bulnesia sarmientoi has an annual growth of 1 mm [32] and Schinopsis lorentzii of 1.6 mm [55]. Because of
slow growth rates, estimated at 1 to 3 mm per year, disturbances in the upper canopy structure only
recover over large periods of time [54].
Figure 6 allows us to assess the performance of the UAV-SfM based methods to derive plot-level
information on upper canopy height. The mean height of the vegetation patches was estimated with a
low RMSE of 1.56 m, and the height of the tallest vegetation patch with RMSE of 2.14 m. These results
are slightly better as those obtained by Dandois and Ellis [56] and Dandois et al. [40] who predicted
the mean height of the five tallest trees of the plots from UAV-SfM data with an overall RMSE of 3.6 to
3.76 m. Puliti et al. [13] revealed lower RMSE values (0.7–1.5 m) on forest height indicators derived
from UAV-SfM imagery in conifer-dominated boreal forests.
The canopy height estimates from UAV-SfM data are systematically lower than the field-based
measures of tree height (Figure 6). The difference between the two becomes larger with increasing tree
height. This is coherent with previous findings by Wang et al. [57] who observed that the height of the
upper canopy is often overestimated in field campaigns. Possible sources of measurement error have
been widely discussed in the literature. The study by da Silva et al. [58] indicated that the accuracy
of field-measured tree heights decreases with increasing tree height and often leads to systematic
overestimation of the height of the highest trees. Furthermore, the measure may be sensitive to stand
complexity, crown classes, and species [57]. Field measurements of tree heights also require a clear
view of the tree base and treetop, which is not always feasible in forests with dense understory such as
the thorny Dry Chaco forests.
Overall, we observe that the maximum height of the forest canopy is better represented by the
UAV-SfM data than the mean height. Importantly, the UAV-SfM based indicator of canopy height that
was directly derived from the 3D point cloud—the 99th percentile—shows the highest correlation
(r = 0.94) with the field-based measures of forest height (Figure 6B). This shows that 3D point cloud
data allows a better representation of the forest height structure than data derived from vegetation
patches. When delineating vegetation patches, the estimates of the canopy height likely increase due
to edge effects [59]. In field inventories, the trees are treated as being inside the plots only if 50% of the
rooted base of the tree is contained within the plot. This is different in the UAV-SfM based data, as all
the tree crown patches located in the plots are considered to be part of the forest plot. The maximum
height is less affected than the mean height indicator by the edge effects, as the maximum height is
derived for one single tree crown patch that has a lower probability to be located on the edge of the plot.
Canopy height indicators from UAV-SfM data appear to be valuable ecological indicators as they
allow us to distinguish the four forest composition groups (Figure 10). The maximum height indicators
show significant differences between the three groups with species characteristic for old-growth stage
and first arboreal stratum and the composition group 4 with pioneer species. As expected, the 99th
percentile height of group 4 is significantly lower than the height of the other three groups. Interestingly,
the maximum height indicators are good predictors of the above ground biomass (Figure 11B,E) while
the mean height of the canopy patches is not statistically correlated to the above ground biomass.
We hypothesize that this is related to the fact that the tallest trees have large diameters and are the ones
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comprising the largest amount of the above ground biomass [60]. Thereby, they are the ones with the
highest influence on the above ground biomass, changes in the mean height of the other trees do not
influence statistically the above ground biomass.
4.2.2. Canopy Cover
Canopy cover has been defined as one of the principal parameters describing forests [61,62].
The canopy cover is usually not included in conventional forest inventories, despite the existence of
specific ground-based methods [63]. In the Dry Chaco, no ground measurements are available for
canopy cover. Baumann et al. [31] established tree cover gradients in the Dry Chaco by modeling
Google Earth Engine high resolution imagery with regional remote sensing data.
The UAV-SfM based indicator of canopy cover was compared to the number of trees in the upper
canopy (higher than 6 m) and to the number of large trees (DBH > 0.3 m). The canopy cover shows a
strong positive correlation (r = 0.57) with the number of large trees. The scatterplot of the canopy cover
against the number of trees above 6 m shows more spread in the data and lower correlation coefficient
(r = 0.40). We attribute this to the fact that the threshold of DBH of 0.3 m allows to discriminate the
largest trees in the forest that are characterized by the largest canopies and have the largest influence
on the overall canopy cover. It confirms earlier findings of McElhinny et al. [22] that the number of
trees exceeding a threshold diameter is an important forest structural attribute.
The UAV-SfM based canopy cover is the best predictor for aboveground biomass (Figure 11C),
and strong indicator of forest functional attributes in the Dry Chaco. This result is coherent with the
strong correlation that we observed between canopy cover and the number of large trees (DBH > 0.3 m)
as trees with the largest canopy are able to stock a large amount of biomass.
4.2.3. Vegetation Openings
Similar to canopy cover, indicators of vegetation openings are poorly validated in the literature,
and rarely quantified by ground-based measurements. Tools such as hemispherical photographs
or terrestrial laser scanners are not well suited for this purpose [64]. Here, we assessed vegetation
openings from the canopy height model. We observed that the number of thin trees (DBH < 0.2 m) is
systematically lower for plots having more than 10% of the area with vegetation openings. The negative
correlation is significant but there is a lot of spread in the data (Figure 8).
This indicator is not able to distinguish compositional categories (Figure 10) and has no relation
with biomass (Figure 11). Morales-Barquero et al. [65] discusses that the use of this ecological indicator
might be compromised by rapid filling of vegetation openings by in-growth of the canopies of the
adjacent trees or by recovery of a lower stature vegetation through natural regeneration. This rapid
recolonization of the open spaces by shrubby or pioneer species might explain the low potential of this
indicator to predict functional or compositional states.
4.3. Vertical Forest Complexity
4.3.1. Sub-Canopy and Shrub Stratum
Understory vegetation plays a critical role in forest ecosystems and it is often the most species
rich and diverse portion of a forest [49,66]. However, the assessment of this understory vegetation
is regularly excluded from forest inventories and UAV-SfM based research. In our study, shrubs are
under-represented in the field inventory because of the error-prone and time-consuming task of
inventorying shrub species in the Dry Chaco forest. On the other hand, the representation of the
lower forest strata in the UAV-SfM point cloud may be affected by the presence of dense upper canopy.
A study by Wallace et al. [67] showed the low ability of SfM-UAV data to represent the forest understory
in SfM point clouds when the upper canopy is dense. Even though, we tested the relevance of UAV-SfM
indicators to characterize the sub-canopy and shrub stratum.
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As expected, the overall relative density of the different stratum cannot be considered as valuable
indicators for the sub-canopy and shrub stratum characterization. Even if there is significant correlation
with the percentage of trees with DBH below 0.2 m (Figure 7), this indicator is influenced itself with
the upper canopy density. Even though, the overall relative density in the 4 to 6 m stratum indicator
distinguishes compositional groups (Figure 10) and identifies category 4 that is dominated by trees like
Prosopis nigra with relatively high ORD in the 4 to 6 m stratum.
4.3.2. Vertical Distribution and Vertical Complexity
Vertical distribution and vertical complexity are similar indicators as they describe the overall
structure of the point cloud. Both indicators were found to be of great utility, as predictors of bird
species richness [20] and habitat breeding species [19]. Here, we affirm that vertical distribution and
complexity are good predictors of forest functional groups and allow one to identify composition
group 4 with pioneer species (Figure 10). Additionally, the forest complexity is a good predictor of the
above ground biomass (Figure 11). Then, this type of indicators may be of great utility for monitoring
forest, successional stages, or detecting natural or anthropogenic disturbances.
5. Conclusions
By comparing the UAV-SfM forest indicators with ground-based structural indicators,
we demonstrated the suitability of UAV-SfM techniques for assessing forest structure using datasets
from the dry Chaco. In addition, we studied the relation between UAV-SfM based indicators and
ground-based functional and compositional indicators. Indicators on the upper canopy height derived
from UAV-SfM data are valuable alternatives for conventional forest inventories, as they have similar or
even better accuracy. Particularly, the 99th percentile of the point cloud is a good predictor of the height
of the tallest tree (r = 0.94), and performs better than other UAV-SfM structural indicators such as the
height of the tallest vegetation patch or the mean height of the vegetation patch. All height indicators
are significantly related to the forest compositional groups. Additionally, the height of the tallest tree is
a reasonable predictor (r = 0.43) of the above ground biomass. Because of the low growing rates in the
dry Chaco, the tree height indictors are valuable indicators of the degree of forest disturbances.
Canopy cover is widely used in the definition of forests and degradation. The UAV-SfM derived
indicator of canopy cover is highly correlated with the number of large trees, an important forest
structural attribute, and is the best predictor for above ground biomass (r = 0.66). This confirms the
relevance of canopy cover as a highly valuable ecological indicator. In contrast, the UAV-SfM derived
indicator on vegetation openings is not significantly related to the vegetation density in the lower
strata, neither with any of the tested functional or composition attributes of the forests. It is likely that
the UAV-SfM indicators are not able to capture accurately the understory structure in dense forests
because of the presence of the upper canopy.
The results for the Dry Chaco forests show that UAV-SfM techniques allow one to measure
forest structural characteristics and complement labor-intensive inventory techniques. The UAV-SfM
methods require an initial investment in capital and human capacity that is lower compared to
alternative high-resolution remote sensing techniques, such as terrestrial or airborne laser scanning.
The methodology presented in this paper could be used to assess the forest ecological states in different
parts of the Dry Chaco as well as in other dry ecosystems. For applications on steep topographies
or in landscapes with closed forest canopy the empirical relations that we established for the Dry
Chaco will require recalibration. Moreover, the presented UAV-SfM procedure for forest ecological
indicators could be a very useful tool for documenting forest status in the framework of applications
for conservation funds.
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